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Predicting Cancer-Related MiRNAs Using Expression Profiles in Tumor
Tissue
Hsiuying Wang*
Institute of Statistics, National Chiao Tung University, Hsinchu, Taiwan
Abstract: MicroRNAs (miRNAs) are small, noncoding RNAs with important functions in development, cell differentiation, and regulation of cell cycle and apoptosis. Many studies have now shown that miRNAs are involved in the initiation
and progression of cancers. In this study, procedures based on the relative R-squared method (RRSM) are proposed to investigate miRNA-mRNA regulatory relationships between 114 miRNAs and 16063 mRNAs for different organic tissues.
These procedures are based on comparing the expression profiles in tumor tissue and those in normal tissues, or based on
the expression profiles in tumor tissue only. The analyzed results are used to predict high-confident miRNAs for tumor
development and their targets. This study predicts many high-confident miRNAs which are associated with colon cancer,
prostate cancer, pancreatic cancer, lung cancer, breast cancer, bladder cancer and kidney cancer, respectively.
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INTRODUCTION
MicroRNA (miRNA) is a short non-coding RNA around
22 nt, which suppresses gene expressions via translational
suppression or is a factor involved in mRNA degradation by
binding to 3’-untranslated regions (3’UTR). It has been estimated that miRNAs regulate ∼30% of human genes [1]. The
first miRNA was discovered in 1993 by Victor Ambros,
Rosalind Lee and Rhonda Feinbaum during a study into development in the nematode Caenorhabditis elegans (C.
elegans) regarding the gene lin-14 [2]. Previous studies indicated that “MiRNAs play a key role in diverse biological
processes, including development, cell proliferation, differentiation and apoptosis. Accordingly, altered miRNA expression is likely to contribute to human disease, including
cancer” [3]. As a result, miRNAs may be useful tools for
characterizing specific cancers and for determining patient
prognoses [4].
Calin et al. [5] published the first study to link miR-15
and miR-16 to cancer in 2002. Subsequent reports have
shown that miRNAs are altered in many cancers, and they
can initiate carcinogenesis or drive progression [6].
Accurate miRNA target prediction can help understand
miRNA regulatory mechanisms. Several target prediction
computational algorithms for motifs complementary predictions have been developed, for example, miRanda [7] and
TargetScan [1, 8], but they show poor overlap between their
predicted results [9]. In addition to sequence motifs complementary predictions, since miRNA expression profile can
help identify human solid tumors, it is used for discovering
miRNA targets [10]. However, investigating miRNA expression profiles can become computationally complicated when
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multiple miRNAs and their effects across multiple tissues are
to be considered [11].
To overcome this difficulty, statistical methods have
been proposed to build up a network of associations between
the miRNAs and their target mRNAs [11-13]. Huang et al.
[12] established a method, GenMiR++, using Bayesian variation analysis to explore miRNA targets. However, it is
complicated and requires extensive calculations. In order to
provide a more effective approach, Wang and Li [11] proposed the relative R-squared method to select highconfidence targets of miRNAs, which is easy to interpret and
less computationally expensive.
Hsieh and Wang [13] called the relative R-squared method as RRSM. The analyses in these previous studies were
performed to predict miRNA targets across different tissues,
such as colon tissues, lung tissues and kidney tissues simultaneously. In this study, I intend to explore miRNA targets
focusing on a particular organic tissue to discover the
miRNAs which are related to the development of a particular
cancer. Although the RRSM has been established for
miRNA target prediction, it has not been used to predict
high-confident miRNAs associated with a specific cancer.
Thus, in this study, I propose procedures based on the RRSM
to find the miRNAs which are associated with cancers, and
also investigate the performance of these procedures in predicting cancer-related miRNAs.
The other statistical approaches to predict high-confident
miRNA targets include correlation analysis, GenMiR++ etc.
Since the comparisons of these methods with the RRSM
have been provided in literature, in this paper, we mainly
focus on using the RRSM to predict high-confident miRNAs
associated with cancer and do not focus on comparing these
methods. In addition to the above mentioned methods, a
more flexible approach is to replace the linear regression
model used in the RRSM by other models, such as non© 2014 Bentham Science Publishers
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linear regression models. Since there are many non-linear
regression models, it needs to develop a methodology to select suitable non-linear regression models in a future study.

To adopt the procedures, the steps of performing the first
proposed procedure by comparing the tumor tissues with the
normal tissues are given as follows.

METHOD

Procedure 1

Using Expression Profiles in Tumor Tissues and in Normal Tissues

Predict miRNA targets with the RRSM by comparing the
expression profiles in a tumor tissue and those in a normal
tissue.

The RRSM is established based on a relative instead of
an absolute statistical point of view and it provides an efficient approach for miRNA target prediction [13]. To select
high-confident miRNAs which are associated with a cancer
development, first I apply the RRSM to find miRNA targets
using expression profiles in tumor tissues. This is the one of
the proposed methods to select high-confident targets. Many
studies have been developed for investigating miRNA expression profiles to predict cancer-related miRNAs by comparing expression profiles in tumor tissue with expression
profiles in normal tissue [14-17]. Therefore, to compare the
expression profiles in tumor tissue with those in normal tissues, I also apply the RRSM to select miRNA targets in
normal tissue. After obtaining miRNA targets in tumor tissue
and miRNA targets in normal tissue respectively, the targets,
which are selected using the tumor tissue, but are not selected using the normal tissue, are regarded as high-confident
targets. This is also the one of the proposed methods to select
high-confident targets.
To perform the RRSM, two thresholds p0 and s for the pvalue and the relative r-squared value need to be set in the
RRSM. The details of applying the RRSM refer to the previous studies [11, 13]. In this study, the regression model used
in the RRSM is the linear regression model. The programs
for the RRSM are available on http://www.stat.nctu.edu.tw/
hwang/website_wang%20new.htm [13].

Fig. (1). Flowchart of Procedure 1.

Step 1. Set thresholds p0 and s.
Step 2. Perform the RRSM using the expression profiles in
the tumor tissue to select the miRNA targets.
Step 3. Perform the RRSM using the expression profiles in
the normal tissue to select the miRNAs targets.
Step 4. The miRNA targets selected in Step 2 excluding the
miRNA targets selected in Step 3 are the highconfident miRNA targets obtained by comparing
this tumor tissue with this normal tissue, and the
corresponding miRNAs are the high-confident
miRNAs that are associated with this tumor development.
The flowchart of Procedure 1 is briefly described in
(Fig. 1).
Analysis of Expression Profiling in Tumor Tissues
In addition to the above proposed method by comparing
the expression profiles in the tumor tissue and those in the
normal tissue, on the contrary, I may explore high-confident
miRNAs mainly using expression profiles in the tumor tissue
instead of comparing the result with the results using normal
tissue. The procedure of performing the method using the
tumor tissue is given in Procedure 2.
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Procedure 2
Predict miRNAs targets with the RRSM using the expression profiles in a tumor tissue.
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Tables 1 and 2 list the predicted high-confident miRNAs.
The predicted miRNA targets are given in the supplementary
material.

Step 1.

Set thresholds p0 and s.

Colon Cancer

Step 2.

Perform the RRSM using the expression profiles
in the tumor tissue to select the miRNA targets.

Step 3.

The miRNA targets selected in Step 2 are the
high-confident targets and the corresponding
miRNAs are the high-confident miRNAs that are
associated with this tumor development.

In 2003, Michael et al. [20] published the first study of
miRNAs in colon cancer, identifying miR-143 and miR-145
as novel dysregulated miRNAs in colon cancer. In addition,
MiR-155 and miR-21 expression levels are significantly correlated with colorectal cancer [18]. MiR-1 can have a tumor
suppressor function in colorectal cancer by directly
downregulating MET oncogene [21].

The flowchart of Procedure 2 is given in Fig. (2).

In this study, to find high-confident miRNAs for colon
tumor development, I first normalize the data and apply Procedure 2 using the thresholds p0 = 0.3 and s = 0.999 and to
find 52 high-confident miRNAs using expression profiles in
tumor tissue. MiR-143, miR-145, miR-155, miR-21 and
miR-1 are included in these 52 miRNAs (miRNAs in Tables
1 and 2 for colon tissue). After comparing the results using
expression profiles in the tumor tissue and those using expression profiles in the normal tissue by Procedure 1, 42
high-confident miRNAs are selected in these 52 miRNAs
(Table 1).
Prostate Cancer
Prostate cancer is the most prevalent strain of cancer in
men. MicroRNA-21 is shown to promote apoptosis resistance and invasion in prostate cancer cells [22]. MiR-205
transcription is shown to be commonly repressed in prostate
cancer [23].

Fig. (2). Flowchart of Procedure 2.

RESULT
I adopt the data sets used in Huang et al. (2007) [18] and
Hsieh and Wang (2011) [13] to predict high-confident
miRNAs for tumor development. This data set includes the
miRNA and mRNA expression data for 114 human miRNAs
and 16063 mRNAs across a mixture of 88 normal and cancerous tissue samples of 11 organs [13]. The mRNA expression profiles that were published in 2005 consist of two microarray platforms, GPL80 and GPL98 [19]. A data set was
filtered from the data to include 6387 potential target pairs,
which covers 890 unique mRNAs, because some miRNAs
have the same mRNAs as their potential targets [18]. The
samples of 11 organs include 67 samples from tumor tissues
and 21 samples from normal tissues. Since the first method
is to discover the high-confident miRNAs comparing the
expression profiles in tumor tissue with the expression profiles in normal tissue, I mainly consider the tissues in with
tumor samples and normal samples in this data set. As a result, I present the predicted high-confident miRNAs which
are associated with colon tumor, prostate tumor, pancreatic
tumor, lung tumor, breast tumor, bladder tumor and kidney
tumor, respectively.

In this study, I first use the raw data and apply Procedure
2 using the thresholds p0 = 0.3 and s = 0.999 to find 35 highconfident miRNAs using the expression profiles in tumor
tissue. MiR-21 and miR-205 are included in these 35
miRNAs (miRNAs in Tables 1 and 2 for prostate tissue).
After comparing the results using expression profiles in the
tumor tissue and the results using expression profiles in the
normal tissue by Procedure 1, 24 high-confident miRNAs are
selected in these 35 miRNAs (Table 1).
Pancreatic Cancer
Pancreatic cancer is the fourth leading cause of cancerrelated death in the United States and has the poorest overall
survival rate among all human cancers because of late diagnosis and absence of screening tools [24]. The expression
patterns of miR-21 and miR-200 are shown to be related to
pancreatic cancer [25, 26].
In this study, to find high-confident miRNAs for pancreatic tumor development, I first normalize the data and apply
Procedure 2 with the thresholds p0 = 0.3 and s = 0.999 to
find 57 high-confident miRNAs using the expression profiles
in tumor tissue. MiR-200a, miR-200b, miR-200c, and miR21 are included in these 57 miRNAs (miRNAs in Tables 1
and 2 for pancreatic tissue). After comparing the results using expression profiles in the tumor tissue and the results
using expression profiles in the normal tissue by Procedure 1,
54 high-confident miRNAs are selected in these 57 miRNAs
(Table 1).

Predicting Cancer-Related MiRNAs Using Expression Profiles in Tumor Tissue

Table 1.

Current Pharmaceutical Biotechnology, 2014, Vol. 15, No. 5

441

High-confident miRNAs selected by Procedure 1.

Tissue

High-confident miRNAs

Colon

miR-124a, miR-125b, miR-146, miR-1, miR-30b, miR-137, miR-19a, miR-203, miR-33, miR-219, miR-223, miR-193, miR-200a, miR206, miR-216, miR-34a_(sub_1),miR-199a*, miR-30a, miR-96_(sub_1), miR-9, miR-30d, miR-30c, miR-24, miR-23b, miR-23a, miR21, miR-19b, miR-183, miR-182, miR-145, miR-140, miR-139, miR-135, miR-133a, miR-125a, miR-101, miR-155, miR-200b, miR200c, miR-30e, miR-34b, miR-34c_(sub_1)

Prostate

miR-124a, miR-125b, miR-29b_(sub_2), miR-218, miR-199a*, miR-194, miR-29c, miR-96_(sub_1), miR-9, miR-29a, miR-27b, miR23b, miR-23a,miR-21, miR-183, miR-182, miR-138, miR-135, miR-128b, miR-128a, miR-125a, miR-200b, miR-200c, miR-27a

Pancreatic

miR-124a, miR-125b, miR-99a, miR-1, miR-30b, miR-137, miR-100, miR-181a,miR-181b, miR-203, miR-204_(sub_1), miR-205, miR200a, miR-206, miR-218,miR-211, miR-215, miR-194, miR-190, miR-30a, miR-96_(sub_1), miR-9, miR-30d, miR-30c, miR-27b, miR26a, miR-24, miR-23b, miR-23a, miR-22,miR-21, miR-192, miR-183, miR-182, miR-181c, miR-145, miR-144, miR-143,miR-138, miR135, miR-133a, miR-128b, miR-128a, miR-125a, miR-107, miR-103, miR-26b_(sub_1), miR-101, miR-155, miR-200b, miR-200c, miR27a, miR-30e, miR-99b

Lung

miR-124a, miR-125b, miR-99a, miR-146, miR-30b, miR-100, miR-18, miR-19a,miR-203, miR-33, miR-200a, miR-34a_(sub_1), miR199a*, miR-194, miR-30a, miR-9, miR-30d, miR-30c, miR-27b, miR-24, miR-23b, miR-23a, miR-22,miR-19b, miR-182, miR-152, miR148, miR-141, miR-138, miR-135,miR-125a, miR-107, miR-103, miR-155, miR-200b, miR-200c, miR-27a,miR-30e, miR-34b, miR34c_(sub_1), miR-99b

Breast

miR-124a, miR-125b, miR-29b_(sub_2), miR-181a, miR-181b, miR-19a, miR-203, miR-204_(sub_1), miR-223, miR-33, miR-193, miR218, miR-34a_(sub_1), miR-211, miR-190, miR-29c, miR-96_(sub_1), miR-9,miR-29a, miR-27b, miR-26a, miR-24, miR-23b, miR-23a,
miR-22, miR-19b,miR-183, miR-182, miR-181c, miR-152, miR-148, miR-145, miR-144, miR-141,miR-139, miR-135, miR-128b, miR128a, miR-125a, miR-26b_(sub_1), miR-101, miR-155, miR-200b, miR-200c, miR-27a, miR-302, miR-34b, miR-34c_(sub_1), miR93_(sub_1)

Bladder

miR-124a, miR-125b, miR-16, miR-29b_(sub_2), miR-92, miR-146, miR-30b,miR-142-3p, miR-137, miR-106a, miR-17-5p, miR-181a,
miR-181b, miR-19a,miR-203, miR-204_(sub_1), miR-205, miR-223, miR-33, miR-200a, miR-218,miR-211, miR-215, miR-199a*, miR195, miR-194, miR-190, miR-30a, miR-29c, miR-9, miR-30d, miR-30c, miR-29a, miR-27b, miR-26a, miR-24,miR-23b, miR-23a, miR22, miR-21, miR-20_(sub_1), miR-19b, miR-192, miR-183, miR-182, miR-181c, miR-15a, miR-153, miR-152, miR-148,miR-145, miR144, miR-141, miR-140, miR-139, miR-135, miR-133a,miR-128b, miR-128a, miR-125a, miR-26b_(sub_1), miR-106b, miR-155,miR-173p, miR-200b, miR-200c, miR-25, miR-27a, miR-30e, miR-32

Kidney

miR-125b, miR-29b_(sub_2), miR-146, miR-137, miR-181a, miR-181b,miR-199a_(sub_1), miR-199b,miR-204_(sub_1), miR-223, miR33, miR-206,miR-34a_(sub_1), miR-211, miR-215, miR-199a*, miR-29c, miR-96_(sub_1), miR-29a, miR-27b, miR-24, miR-23b, miR23a, miR-22, miR-21, miR-192,miR-181c, miR-145, miR-125a, miR-101, miR-200b, miR-200c, miR-27a,miR-302, miR-34b, miR34c_(sub_1), miR-93_(sub_1)

Table 2.

High-confident miRNAs selected by Procedure 2 excluding miRNAs selected by Procedure 1.

Tissue

High-confident miRNAs

Colon

miR-204_(sub_1), miR-205, miR-218, miR-211, miR-26a, miR-22, miR-144,miR-143, miR-26b_(sub_1), miR-93_(sub_1)

Prostate

miR-146, miR-203, miR-205, miR-33, miR-24, miR-22, miR-144, miR-143, miR-133a, miR-101, miR-301

Pancreatic

miR-146, miR-219, miR-193

Lung

miR-223, miR-218, miR-128b, miR-128a

Breast

miR-146, miR-205, miR-194, miR-133a, miR-99b

Bladder

miR-34b

Kidney

miR-194, miR-153, miR-140, miR-139, miR-135, miR-99b

Lung Cancer
Lung cancer is the leading cause of cancer mortality
worldwide, and 80% of lung cancers are non-small cell lung

cancers [27]. MiRNAs function as tumor suppressors or oncogenes in lung cancer. Epidermal growth factor receptor
(EGFR) signaling and EGFR mutations have been a major
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focus of lung cancer studies conducted during the past 5
years. Several recent studies have uncovered a relationship
between the EGFR signaling pathway and miRNAs [28].
Weiss et al. [29] showed that miR-128b is a direct regulator
of EGFR. Zheng et al. [30] determined the levels of miRNAs
by real-time RT-PCR in 74 lung cancer patients and 68 agematched cancer-free controls, and found that the levels of
miR-155, miR-197, and miR-182 in the plasma of lung cancer including stage I patients were significantly elevated
compared with controls
In this study, I first use the raw data and apply Procedure
2 with the thresholds p0 = 0.3 and s = 0.999 to find 45 highconfident miRNAs using the expression profiles in the tumor
tissue. MiR-128b, miR-155 and miR-182 are included in
these 45 miRNAs (miRNAs in Tables 1 and 2 for lung tissue). After comparing the results using expression profiles in
the tumor tissue and the results using expression profiles in
the normal tissue by Procedure 1, 41 high-confident
miRNAs are selected in these 45 miRNAs (Table 1).
Breast Cancer
Previous studies have shown that a number of miRNAs
are deregulated in human breast cancer [31, 32]. It has been
shown that human miR-9 expression levels are reduced in
many breast cancer samples due to hypermethylation an epigenetic modification [33, 34]. Also, miR-155 was found to
be over expressed in breast cancer [35].
In this study, I first use the raw data and apply Procedure
2 with the thresholds p0 = 0.3 and s = 0.999 to find 54 highconfident miRNAs in the tumor tissue. MiR-9 and miR-155
are included in these 54 miRNAs (miRNAs in Tables 1 and
2 for breast tissue). After comparing the results using expression profiles in the tumor tissue and the results using expression profiles in the normal tissue by Procedure 1, 49 highconfident miRNAs are selected in these 54 miRNAs (Table 1).
Bladder Cancer
Bladder cancer is a common urologic cancer that may
have the highest recurrence rate of any malignancy [36].
Ichim et al. [37] identified 7 miRNAs (miR-145, miR-30a3p, miR-133a, miR-133b, miR-195, miR-125b and miR199a*) that were significantly downregulated in bladder cancer.
In this study, I first use the raw data and apply Procedure
2 with the thresholds p0 = 0.3 and s = 0.999 to find 71 highconfident miRNAs using the expression profiles in the tumor
tissue. MiR-145, miR-133a, miR-195, miR-125b and miR199a* are included in these 71 miRNAs (miRNAs in Tables
1 and 2 for bladder tissue). After comparing the results using
expression profiles in the tumor tissue and the results using
expression profiles in the normal tissue by Procedure 1, 70
high-confident miRNAs in these 71 miRNAs are selected
(Table 1).
Kidney Cancer
The two most common types of kidney cancer are renal
cell carcinoma and urothelial cell carcinoma of the renal
pelvis. Dutta et al. found miR-34a overexpression in renal
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cell carcinoma [38]. Higher expression of miR-21 is associated with an increase in the stage of renal cancer [39].
In this study, I first use the raw data and apply Procedure
2 with the thresholds p0 = 0.3 and s = 0.999 to find 43 highconfident miRNAs using the expression profiles in the tumor
tissue. MiR-21 and miR-34a are included in these 43
miRNAs (miRNAs in Tables 1 and 2 for kidney tissue). After comparing the results using expression profiles in the
tumor tissue and the results using expression profiles in the
normal tissue by Procedure 1, 37 high-confident miRNAs are
selected in these 43 miRNAs (Table 1).
In this study, p0 and s are selected to be 0.3 and 0.999
because from the previous studies that the s is suggested to
be selected to be near to 1 and p0 is suggested to be selected
such that the number of selected miRNAs is close to a specified proportion of the total number of miRNAs. A more descent method for threshold selection can refer to Hsieh and
Wang [40]. It is our future work to investigate this method in
discovering miRNAs associated with cancers.
COMPARISON
In addition to confirming some selected miRNAs from
the literature, I also adopt the Human MicroRNA Disease
Database (HMDD) to investigate the performance of the
RRSM in selecting the high-confident miRNAs associated
with cancers. HMDD provides human microRNA-disease
association data, which is manually collected from publications [41]. First, I find the miRNAs from HMDD which are
shown to be associated with cancers, and then use these data
to calculate the sensitivities and specificities of the RRSM in
order to verify the adequacy of RRSM. The sensitivity
measures the proportion of actual positives which are correctly identified as such, and the specificity measures the
proportion of negatives which are correctly identified as such
[42]. To calculate the sensitivity of the RRSM for selecting
miRNAs associated with a cancer, I need first to find the set
of miRNAs for this cancer, denoted as Set A, which are identified as the true positives in the 114 miRNAs from HMDD,
and then find the set of miRNAs, denoted as Set B, which
are selected by the RRSM among these true positives. Then
the sensitivity of the RRSM for selecting miRNAs associated
with this cancer is defined as the number of elements in Set
B divided by the number of elements in Set A. The specificity of the RRSM for selecting miRNAs associated with this
cancer is defined as
specificity 
the number selected by the RRSM  the number of elements in Set B
114  the number of elements in Set A

Since HMDD does not include the prostate cancer data, I
present the results for the first two cancers listed in Table 1
which are shown in HMDD. The sensitivity and the specificity of Procedure 1 for the colon cancer are 0.405 and 0.347,
respectively; the sensitivity and the specificity of Procedure
2 for the colon cancer are 0.476 and 0.444, respectively. For
pancreatic cancer, the sensitivity and the specificity of Procedure 1 are 0.519 and 0.435, respectively; the sensitivity
and the specificity of Procedure 2 are 0.519 and 0.612, re-
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spectively. In these two cases, Procedure 2 has higher sensitivity and specificity than Procedure 1.
To evaluate the performance of the RRSM on selecting
miRNAs associated with a cancer, I also adopt the RRSM to
other randomized data sets to select miRNAs associated with
this cancer. This randomized data set is not the true expression profile in this tumor tissue. If the RRSM leads to higher
sensitivity and specificity values using the true expression
profile in this tumor tissue than using this randomized data
set, then it is concluded that the RRSM is efficient in selecting miRNAs associated with a cancer. Thus, I calculate the
sensitivity and the specificity of the RRSM applying on other randomized data sets in selecting miRNAs associated with
colon cancer and pancreatic cancer, respectively. The sensitivity and the specificity of Procedure 1 applying to other
data set for the colon cancer are 0.29 and 0.23, respectively;
the sensitivity and the specificity of Procedure 2 applying to
other data set for the colon cancer are 0.34 and 0.31, respectively. And the sensitivity and the specificity of Procedure 1
applying to other data set for the pancreatic cancer are 0.417
and 0.223, respectively; the sensitivity and the specificity of
Procedure 2 applying on other data set for the pancreatic
cancer are 0.4 and 0.339, respectively. Since the sensitivity
and the specificity of the RRSM applying to the valid data
set are significantly higher than those applying to the other
randomized data sets, it reveals that the RRSM is an efficient
method.
DISCUSSION
In this study, I adopt the RRSM to find high-confident
miRNAs associated with colon, prostate, pancreatic, lung,
breast and kidney tumor development, respectively. The
same threshold is used for RRSM in the 7 organic tissues. A
more feasible approach is to adopt different thresholds which
depend on the characteristics of an organic tissue to reduce
the false positive or false negative rates. It is our future research direction.
In addition, in dealing with the expression profiles in the
7 organic tissues, for the colon tissue and pancreatic tissue,
the normalized data are used; for the other organic tissues,
the raw data without normalization are used. Hsieh and
Wang [13] used the raw data to select miRNA targets across
the 88 tissues because the false positive rate of using the raw
data is less than that of using the normalized data. Therefore,
the raw data are used in this study for most tissues. The reason of using the normalized data for the colon tissue and the
pancreatic tissue is that too many or much fewer miRNAs
are selected by RRSM under the thresholds p0 = 0.3 and s =
0.999 with the raw data. Therefore, for these two cases, the
normalized data are used.
Moreover, it is plausible to explore a more suitable regression model as a model in the RRSM instead of a linear
regression model to find high-confident miRNAs in a future
study. Other models, such as non-linear regression models,
can be considered as alternative models to be used in the
high-confident miRNAs exploration.
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